Abstract-The increased manufacturing of nanoparticles for use in cosmetics, foods, and clothing necessitates the need for an effective system to monitor and evaluate the potential environmental impact of these nanoparticles. The goal of this research was to develop a plant-based sensor network for characterizing, monitoring, and understanding the environmental impact of TiO 2 nanoparticles. The network consisted of potted Arabidopsis thaliana with a surrounding water supply, which was monitored by cameras attached to a laptop computer running a machine learning algorithm. Using the proposed plant sensor network, we were able to examine the toxicity of TiO 2 nanoparticles in two systems: algae and terrestrial plants. Increased terrestrial plant growth was observed upon introduction of the nanoparticles, whereas algal growth decreased significantly. The proposed system can be further automated for high-throughput screening of nanoparticle toxicity in the environment at multiple trophic levels. The proposed plant-based sensor network could be used for more accurate characterization of the environmental impact of nanomaterials.
I. INTRODUCTION

C
ONCERNS about the impact of nanoparticles to environmental health and safety are rapidly increasing commensurate to their use in cosmetics, food, and paint industries [1] - [7] . Despite their widespread use, it is still unclear how these nanoparticles might impact the environment. Much research has focused on the effects of nanoparticles in mammalian systems, with few efforts examining the environmental impact in either the aquatic environment or on terrestrial plant species [8] - [11] . Specifically, most research has focused on the in vitro toxicity of metal nanoparticles to the lung, liver, brain, and skin [12] - [19] . Only recently have researchers begun to examine organic nanoparticles as an alternative to their metalbased counterparts [20] . Through the course of these studies, like metal nanoparticles, the toxicity of the organic nanoparticles has been found to depend on their structures and bioavailability [21] - [26] . While these studies are crucial for determining the direct impact on human and mammalian health, it does not address the issue of environmental toxicity, or develop a method for determining the level of nanoparticle exposure in the environment.
There is an increasing need to develop a high-throughput, reliable system for monitoring the environmental impact of nanoparticles at various levels. However, significant difficulties exist in the development of a procedure to determine if an environment has been exposed to potentially hazardous nanoparticles. Often the use of large and expensive equipment, such as aerosal-mass spectrometry systems, is necessary to detect nanoparticle exposure [27] . Other options include delayed detection through inductively coupled plasma atomic emission spectroscopy, size-exclusion chromatography, microfiltration, field-flow fractionation, and capillary electrophoresis [28] . These detection systems have several disadvantages that make them impractical to use for broad landscape-level environmental monitoring: 1) detection cannot be conducted at the potential source of exposure; 2) the use of these techniques is relatively costly and time-consuming; 3) detection requires an experienced operator to conduct the testing; and finally, 4) even if the systems detect nanoparticles in the environment, they are not capable of determining if the nanoparticles have a negative effect on the ecosystem. In an effort to develop a more effective sensor for environmental monitoring of the effects of nanoparticles, we propose a sensor network-based approach in this paper. The purpose of the sensor network is to broadly interrogate biomes for potential hazards.
Sensor networks have gained broad attention in recent years with their ability to measure and gather information from the environment, and, based on local decision-making processes, transmit the data to a user. With the advent of the internet and smart phones, the applicability of these systems has rapidly been embedded into our daily lives. These systems may acquire data continuously and transfer high-fidelity data across a network. As a result, the sensor nodes should strive to process the raw sensor signal locally and perform local decision making to determine the most "interesting" signals/events, such as detecting anomalous events. Local processing and decision making avoids wasting resources on "uninteresting" data, such as sending normal raw sensor readings to a human operator for interpretation, which could be regarded as noise. Distributed decision-making algorithms for anomaly detection in natural environment greatly simplify the jobs of human operators. In anomaly detection applications, a wireless sensor node in the network can monitor its local region, and communicate through a wireless channel with other nodes to collaboratively produce a high-level representation of the environment. Using such a network, a large area can be monitored at a relatively low cost. The challenge for implementing the sensor network lies in the fundamental understanding of the sensors, modeling of the sensor data, and adherence to appropriate engineering principles. Data modeling in such distributed sensor networks is critically important for determining the "normal" operation mode of the system. This will allow the system to perform autonomous anomaly detection to recognize when unexpected sensor signals are detected. The advantage of this approach is that the designer does not have to characterize the anomalous signatures in advance. Instead, the system of sensor nodes can learn this characterization autonomously, for application to new domains. For environmental monitoring of the effects of nanoparticles, we have chosen to build a sensor network using biological system sensors that can be easily embedded in the environment.
Instead of deploying costly hardware, biological sensors such as plants and algae are capable of detecting chemical and physical toxins in the environment at relatively low levels, extending the "vision" of the sensor network, and integrating signals [29] . Plant-based biosensors ("phytosensors") have previously been used to detect environmental exposure from a variety of contaminants, including radiation, heavy metals, and chemical toxins [30] , [31] . Many of these systems use microarray studies to determine genes that are up regulated by a specific toxin. Once identifying the genes, a fluorescence protein (FP) reporter gene can be coupled to the gene or promoter of interest and the expression of the gene can then be monitored externally. This kind of transgenic biosensor requires a significant amount of time and resources to develop, and is generally highly specific to a certain toxin. This approach has led to the development of very specific biosensors, but not one that can determine exposure from a wide range of toxins-a generalist sensor that acts as a "check engine light." To circumvent this problem, we have developed a phytosensor that is capable of detecting the environmental impact of nanomaterials on plants using a variety of cues to reflect plant health. At the early stages, this system can be used to identify plants that are sensitive to the nanoparticles before costly FP-based transgenic systems are developed. These generalist phytosensors have the advantage of being noninvasive, directly demonstrate positive and negative responses from the biosensors, and are cost effective. A network of biosensors has great potential for applications, such as environmental monitoring [32] , water quality monitoring [33] , and health monitoring [34] . Since plants have not previously been used as sensors to monitor the environmental impact of nanoparticles, and differences may occur between different plant species, online learning algorithms are desirable to develop and employ for the system. Table I ); 2) it is fast growing and compact; 3) it is the most widely adopted model plant for research; and 4) it has clear morphological changes after toxic exposure that can be easily analyzed through image processing. In general, toxicity in plants can be detected by monitoring changes in the shape, texture, color, and orientation of the phytosensors. These factors have previously been proven effective at determining stress or toxicity induced by pathogens, toxins, and radiation [35] , [36] .
In this study, individual sensor nodes were established using A. thaliana as the phytosensor. An array of sensor nodes was then combined to create a phytosensor network. A learning algorithm was used to train the system to identify changes in the environment. Finally, the system was used to test if toxic effects could be observed from the administration of TiO 2 nanoparticles. The results from this study demonstrate the feasibility of using a phytosensor network to monitor the environmental impact of nanoparticles at multiple trophic levels. The design of this system is readily expandable to a large number of sensor nodes capable of monitoring a large geographic area. By using machine learning techniques, the system is also highly adaptable and provides a robust way to detect abnormal changes in a defined set of plants.
II. MATERIALS AND METHODS
A. Phytosensor Setup
Arabidopsis thaliana ecotype "Columbia" plants were grown from seeds. Plants were chosen at four days of growth, and potted individually in 6 cm 2 pots. The plants were then moved to an environmental growth chamber set at a constant temperature of 25.2
• C and humidity level of 80%. The environmental growth chamber used a 16-8 day-night cycle to simulate realistic lighting conditions in temperate summer. Three plants were placed in a Tupperware container and compromised a single sensor (experimental unit). The use of a separate Tupperware container for each sensor allowed the introduction of the control (tap water) and test solutions (TiO 2 nanoparticles) without the risk of cross contaminating the sensors. A biosensor is composed of three separately potted Arabidopsis plants exposed to the same environment containing either tap water, or tap water mixed with 1000 mg/ml TiO 2 nanoparticles. Images of all four biosensors are collected every 30 min by the camera and exported to the laptop through a USB 1.0 connection. Every two days 250 ml of tap water and fresh TiO 2 solution were added to the respective containers to maintain hydration.
B. Establishment of the Sensor Nodes
A complete sensor node consisted of phytosensor units, as defined earlier, an RGB camera, and a computer to analyze the acquired images (see Fig. 1 ). Logitech QuickCam Pro4000 cameras were used to monitor the biosensors and capture images for subsequent analysis. This camera is an off-the-shelf commercial product that provides photo quality even at low light levels. Additionally, since it is inexpensive, a large number of cameras can be easily deployed into the environment. The cameras were triggered, by the attached laptop computer, every half hour for one month to constantly determine the health of the plant (sensor). In the preliminary setup, the cameras were connected to the laptop through a USB connection; however, wireless data transfer could be used instead of USB transmission in future studies. A crucial step in establishing this type of sensor node is translating the image data into a measurement of plant health.
Typically, the key metrics used to determine the health of the plant include: shape and orientation of the leaves (an indicator of wilting), spectral characteristics of the leaf (color and temperature, indicators of photosynthesis), and the texture of the leaf (an indicator of the water content). In this study, we have chosen to focus only on the spectral characteristics associated with leaf color as a measure of the plant health. Previous studies have demonstrated the potential for machine vision to be used in the detection of plant toxicity due to plant pathogens, fungi, etc., [39] .
The machine learning algorithm used in this study focused on comparison of the current captured image with that of the image captured at the previous time point. If the difference between the two pictures exceeded a threshold, then an abnormal change reading was detected. In addition, the picture frames were analyzed over time, to detect sequential anomalies associated with normal plant behavior associated with growth. To assess the color changes of the leaf, we utilized a histogram thresholding technique. First, the RGB image was converted to a grayscale intensity image. The conversion eliminates the hue and saturation information while retaining the luminance. The algorithm converts RGB values to grayscale values by forming a weighted sum of the R, G, and B components. The weights for R, G, and B components were 0.2989, 0.5870 and 0.1140, respectively. After converting the images, they were segmented based on the distribution of "green" pixels. Finally, the segmented images were used to train the fuzzy adaptive resonance theory (ART) neural network. Fig. 2 shows the proposed learning and sequential detection procedures on a single sensor node. The first step in training is to determine the baseline values for the phytosensors by growing them in the optimal conditions in the environmental growth chamber. This allows the sensor nodes to develop a classifier for normal and expected signals. In addition to the classifier, a time analysis model was built to represent dynamic changes over the course of time. First, a likelihood-ratio sequential detection was used to detect anomalies. Next, the system used a classifier to categorize the stress cues into different environmental states and perform sensor fusion, using the fuzzy ART neural network [40] . The fuzzy ART system is an unsupervised artificial neural network that can perform dimensionality reduction and pattern classification simultaneously. There is no offline training phase required by the fuzzy ART neural network. The learned class prototypes can be updated at each sampling point. Therefore, it is adaptive to changes in both the environment and the phytosensors themselves. Moreover, the algorithm is simple enough to run in real time, while maintaining an acceptable performance level. Fuzzy ART was first implemented in the wireless sensor network [41] , and has since been updated to improve anomaly detection performance by incorporating temporal and spatial information [40] , [42] , [43] . Being able to model and detect time-related changes allows periodic detection of the leaf color change, indicating exposure to the nanoparticles. In order to accomplish the detection of abnormal leaf color, we propose a three-step detection scheme. First, the semantics were extracted out of the temporal sequence using a symbol compression technique called Lempel-Ziv-Welch [44] . Next, a variable memory length Markov model (VMM), i.e., a probabilistic suffix tree (PST) [45] , was used to model the compressed temporal sequence. A variable memory Markov model preserves the minimal subsequences (of variable lengths) that are necessary for precise modeling of the given statistical source, resulting in a more flexible and efficient sequence representation than a traditional Markov model [46] . Finally, a universal background model (UBM) [47] likelihood-ratio detector was used to detect anomalies in the time patterns.
C. Training of the Sensor Nodes
Phytosensors may have long periods of inactivity, i.e., nondetection, which would be computationally costly to model using the Markov-based time model alone. To avoid this expense, a symbol compression technique was used to map these temporal events/sequences into semantic symbols, prior to analysis with the VMM model. The advantages of the current model, over continuous-measuring models are: 1) digital image data are often discrete; 2) environments that are modeled with discrete states have clear physical interpretations and are therefore natural and easy for humans to interpret (e.g., toxic or nontoxic); 3) data compression techniques, which the system uses to reduce the size of the event sequence, typically require discrete state representations. To detect time-related changes, ideally, the system would build a normal life span of healthy plants and an abnormal lifespan after the plants have been exposed to the nanoparticles. In reality, it is difficult to model all different types of abnormal events, since all possible abnormal situations are unknown and cannot be modeled in advance. To account for this, the model builds a normal temporal model and a universal temporal model (all training sequences that may have mixture of normal and abnormal sequences). The UBM detector then compares the current phytosensor observation sequences against the normal PST model and matches the sequence against the universal PST model. If the likelihood ratio is below a threshold, then an abnormal state is detected. Note that the system can incrementally build the model during the online detection stage to make the model more adaptive to the current environment.
D. Nanoparticle Testing
For nanoparticle testing, spherical rutile TiO 2 nanoparticles (50 nm in diameter, Stock#5485MR) were purchased from Nanostructured and Amorphous Materials, Inc. (Houston, TX). The morphology and size distribution of the TiO 2 nanoparticles was conducted by the manufacturer using transmission electron microscopy and laser scattering, and provided on the certificate of analysis. Solutions of nanoparticles for toxicity testing were formed by the addition of 1 g of nanoparticles to 1 l of tap water. Tap water alone was used as a control for normal growth of the plants. The nanoparticle solution was added to the plant by pouring into the Tupperware container. As indicated earlier, each phytosensor had a separate container for the solution to prevent cross contamination. The nanoparticle and control solutions were added to the plant every two days to ensure that plants remained hydrated. This procedure was maintained throughout the course of the study.
E. Analysis of Algae Growth
After completing the initial analysis of the images, it was observed that in the control samples, there was an abundance of algae that was not present in the nanoparticle samples. Since the goal of this study was to analyze the environmental impact of the TiO 2 nanoparticles, it was important to analyze this effect. To analyze the algae growth, first the raw RGB images were segmented to separate the area containing the plants from the water only images. This segmentation left a 19 × 83 pixel area containing only the image of the water supply where the algae would grow, and were read into the MATLAB code. Next, the true color RGB image was converted to a grayscale intensity image by eliminating the hue and saturation information while retaining the luminance. Although the size of the image, 19 × 83 pixels was small, there were a significant number of images 891, for analysis. Due to the low resolution of the images, it was necessary to increase the size of the images by using a magnification factor of 5, increasing the image size to 95 × 415 pixels. This enlargement allowed smoothing of the image, which would have been impossible in the original image. After smoothing, the image was cropped with a four-element position vector [20 65 45 320], which removed the shadow effect from the corner of the water tray, and prevented any bleed over from the growing leaves in the original image. This edge cropping was necessary to reduce false positives associated with the dynamic shadows present on the edges of the container. The next step consisted of enhancing the grayscale image by transforming the values in the intensity image so that the histogram of the output image matched the specified histogram. In this study, the intensity values were originally spread over the entire range from [0, 255]. After enhancing the contrast, a threshold was set to detect the emergence of the algae; in this particular case, a value of 7 was used. All pixels with a value less than 7 were considered to be algae, and appeared as white in the resulting images. In the final step, the image stream was saved as a video, and the amount of algae over time was determined based on the number of pixels detected at each time point.
III. RESULTS
A. Effect of TiO 2 Nanoparticles on Arabidopsis Health
Experiments were conducted over 28 days, yielding 891 total frames for analysis. Using the detection system, it was possible to detect changes in the control biosensors, Biosensors 1 and 2, at day 15. In these samples, the leaves began to change from green to yellow, indicating decreasing plant health. On day 16, greater than 20% of the leaves had turned yellow, with increasing amounts of yellow observed during the continuation of the study. As indicated in Fig. 3 , the change in green level in Biosensors 1 and 2 could be clearly observed. For the fuzzy ART detection, the plants were classified into two categories, either increased or decreased health. The model was tuned so that if >20% of the leaves turned yellow, the plant was deemed to be unhealthy, indicating a lack of growth. Based on the fuzzy ART detection, at 500 min Biosensors 1 and 2 changed their status from healthy to unhealthy (see Fig. 4 ). They remained in the unhealthy state for the remainder of the study. In contrast, Biosensors 3 and 4, the TiO 2 nanoparticle treated samples, remained in the healthy state for the duration of the study. It should be that the increase in growth of Biosensors 3 and 4 did not affect their state classification. The increased growth of the TiO 2 nanoparticle treated samples was an unexpected result, but demonstrates the strength of the sensor-network approach. The vigilance value for Biosensors 1, 3, and 4 was 0.6, while the vigilance value for Biosensor 2 was 0.77. The vigilance value is a measure of the sensitivity of the range of 0-1. 0 means that the network is not sensitive to any change, while 1 indicates that a new class would be created for each pixel change. Biosensor 2 had a higher vigilance factor because the starting plant was smaller, providing fewer green pixels. Since Biosensors 1, 3, and 4 used similar size plants, it was possible to analyze them with the same vigilance value. To ensure that the trends observed were reproducible, the study was replicated two more times with similar results.
B. Effect of TiO 2 Nanoparticles on Algae Growth
In addition to analysis of the terrestrial plant health, the biosensor system also allowed for visualization of algae proliferation in the solution used to maintain the hydration of the phytosensors. Analysis of the image segments that monitored the water level in the plant containers showed that there was an inverse relationship between the growth of algae in the control samples and the decreased growth of the control plants (see Fig. 5 ). Due to the addition of the TiO 2 nanoparticles into the experimental biosensors, there was a significant decrease in the amount of algae, indicating a toxic effect from the TiO 2 nanoparticles. Considering that the algae will compete with the terrestrial plants for the availability of nutrients, the emergence of algae in the water supply is expected to decrease the growth of the slower growing terrestrial plants. This is a common phenomenon observed with eutrophication induced from environmental contaminants, where the rapid growth of algae will outcompete slower growing plants. While the exact mechanism used by the TiO 2 to reduce algae growth in the biosensors cannot be identified from this study, previous studies have demonstrated that nanoparticles are toxic to many species of green algae [48] - [50] . Clearly, the reduction in the amount of algae between the controls and experimental biosensors illustrates a potential toxic response from the introduction of the nanoparticles into the system. This environmental impact might lead to changes at other trophic levels leading to a greater environmental impact over a long time course.
IV. DISCUSSION
In this study, we have demonstrated the feasibility of using phytosensors to detect the environmental impact of nanomaterials, specifically, TiO 2 nanoparticles, in a system similar to that found in the real world. In the proof-of-concept design, the biosensor node was designed as a two component system that has a proven capability to detect the impact on both a terrestrial plant and algae. In this study, the TiO 2 nanoparticles, at a concentration of 1000 mg/ml, demonstrated an increase in the green content of these samples, potentially indicating an increase in the health of Arabidopsis thaliana when compared to untreated controls. At the same time, the reverse trend was observed for the growth of green algae in the biosensor system, with the control samples having pronounced algal growth when compared to the TiO 2 treated biosensors. Several mechanisms exist in the literature to explain the observed effects from the introduction of the TiO 2 nanoparticles. Previously, TiO 2 nanoparticles have been shown to induce the isotropic growth of root cells through disregulation of microtubule assembly in Arabidopsis [51] . The increased speed of Arabidopsis growth after introduction of the TiO 2 nanoparticles may be the result of this rapid root growth, or, potentially, the response to the decreased algae content. As observed in eutrophic systems, the growth of algae can lead to a reduction in available nutrients for other slower growing plant species. It is possible that the decreased amount of algae in the experimental samples lead to more nutrient availability, and increased growth. In either instance, the goal of this study was to develop a robust environmental monitoring system that could detect any environmental impact from the introduction of the nanomaterials. In this way, the biosensor system demonstrated its strength, whereas a more specific detection system may have missed the observation of the impact.
Another key aspect of the system designed in this study is the expandability, and the ease of use of the system. The developed biosensor detection system can autonomously detect anomalies adaptively using sensor data that are collected by distributed biosensors. In the proof-of-concept design of the biosensors, the biosensor node is a two component system that has proven capable at detecting the impact on a terrestrial plant and algae. In future studies, the goal will be to expand the system to include invertebrate grazers, Daphnia, and vertebrates (fish), Danio rerio, both of which are key species used to determine aquatic toxicity [50] , [52] - [54] . This will expand the platform for analysis of three trophic levels, and will also help to gauge if there is a keystone species, to which a nanoparticle effect will have a more dramatic effect. Typically, such complicated ecosystem analysis is difficult, and often requires a significant amount of time from an observer, and generates qualitative data. Because the system developed in this study uses cameras to observe changes over time, and machine learning techniques are used to automatically making sequential detection decisions, there is a decreased investment of human monitoring of the system. By monitoring the system through a sequence of image data, it is also possible to obtain quantitative data from the system, which would otherwise not be possible. As indicated earlier, it is also possible to introduce any nanomaterial into the system to determine if a potential environmental impact may result from this nanomaterial. Considering the cost effectiveness of the developed system, it would also be possible to screen a wide range of nanomaterials, and nanomaterial concentrations, in a high-throughput manner without significant monetary or labor costs. Considering the speed at which new nanomaterials are currently being created and used, a robust system for determining the environmental impact of nanomaterials is crucial.
Perhaps the most significant application for the phytosensor system developed in this study is the potential large-scale monitoring of wide geographic areas to determine the health of the system. With the advent of satellite imaging, it would be possible to survey a large area and use machine learning and image processing techniques to determine the health status of an entire crop. Using such an approach, it would be possible to determine if there is a change in crop health in near real-time and also to determine the area of the crop most affected. In the case of a toxic event, using the concept developed in this study, it would be possible to identify the toxic effect in a time-dependent manner, which would indicate where the toxin was introduced into the environment. Determination of the source of introduction of a toxin into the environment is very difficult to ascertain when on the ground, and delays in determining the source can lead to significant environmental damage, increased costs, and further spreading. Large-scale environmental monitoring, such as described earlier, would be extremely difficult without an adaptable automated system, and represents the true strength of a system such as that designed in this study.
V. CONCLUSION
Using machine learning, phytosensors, and remote monitoring techniques, we established a proof-of-concept system for monitoring the environmental impact of nanoparticles on both a terrestrial plant and algae. We observed increased leaf growth in Arabidopsis thaliana with the introduction of 1000 mg/ml TiO 2 nanoparticles, when compared to control plants. Corresponding with the occurrence of this growth trend, there was a toxic response to green algae causing a significant reduction in biomass in the TiO 2 treated samples. By using the machine learning framework, it was possible to detect this environmental impact using an automated system, without a substantial investment of time or monitoring from a human operator. The system demonstrates a cost-effective approach for the monitoring of the environmental impact of nanomaterials using sensor network and presents a scalable alternative for large-scale and wide-area monitoring. This system could be used for future studies to identify the risk associated with the large-scale use of nanomaterials.
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